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3 
Abstract 27 
In conservation it is inevitable that surrogates be selected to represent the occurrence of hard-to-find 28 
species and find priority locations for management. However, species co-occurrence can vary over time. 29 
Here we demonstrate how temporal dynamics in species co-occurrence influence the ability of managers 30 
to choose the best surrogate species. We develop an efficient optimisation formulation that selects the 31 
optimal set of complementary surrogate species from any co-occurrence network. We apply it to two 32 
Australian datasets on successional bird responses to disturbances of revegetation and fire. We discover 33 
that a surprisingly small number of species are required to represent the majority of species co-34 
occurrences at any one time. Because co-occurrence patterns are temporally dynamic, the optimal set of 35 
surrogates, and the number of surrogates required to achieve a desired surrogacy power, depend on 36 
sampling effort and the successional state of a system. Overlap in optimal sets of surrogates for 37 
representing 70% of co-occurring species ranges from zero to 57% depending on when the surrogacy 38 
decision is made. Surrogate sets representing early successional communities over-estimate the power of 39 
surrogacy decisions at later times. Our results show that in dynamic systems, optimal surrogates might be 40 
selected in different ways: (1) use short-term monitoring to choose a larger number of static less-41 
informative surrogates; (2) use long-term monitoring to choose a smaller number of static high-power 42 
surrogates that may poorly represent early successional co-occurrence; (3) develop adaptive surrogate 43 
selection frameworks with high short-term and long-term surrogacy power that update surrogate sets 44 
and capture temporal dynamics in species co-occurrence. Our results suggest vigilance is needed when 45 
selecting surrogates for other co-occurring species in dynamic landscapes, as selected surrogates from 46 
one time may have reduced effectiveness at a different time. Ultimately, decisions that fail to 47 
acknowledge dynamic species co-occurrence will lead to uninformative or redundant surrogates. 48 
4 
Introduction 49 
Knowing about when and how species co-occur is a fundamental concept in ecology and conservation 50 
(Bascompte 2010, Hille Ris Lambers et al. 2012). Co-occurrence analysis is the study of positive overlaps 51 
(e.g. mixed-species feeding aggregations; Krebs 1973) and negative overlaps (e.g. competitive or 52 
predatory) in species’ environmental requirements and distributions (Gotelli and Ulrich 2010, Neeson and 53 
Mandelik 2014). It enables us to test species assembly rules (Fayle et al. 2015, Gotelli et al. 2010), explore 54 
food web interactions (Berlow et al. 2009, Memmott 1999), design efficient and representative reserve 55 
systems (Moilanen et al. 2009), and optimise the way in which survey funds are spent (MacKenzie and 56 
Royle 2005). The influence of negative species interactions on segregating communities has dominated 57 
much of the co-occurrence literature (Fayle et al. 2015, Ulrich and Gotelli 2010). Knowledge of positive co-58 
occurrences between species is equally important for prioritising surrogate selection (Morales-Castilla et 59 
al. 2015, Tulloch et al. 2013), an approach that is increasingly relied upon by governments and non-60 
government conservation agencies as the funds for ecosystem management and evaluation fail to match 61 
budget requirements. Until recently, the large body of literature on species co-occurrence made one 62 
major assumption – that co-occurrence networks are static (Poisot et al. 2015). However, both positive 63 
and negative relationships between species are rarely set in stone (Araújo et al. 2011, Bascompte 2010). 64 
While the strength and direction of species co-occurrence has been shown to vary depending on the time 65 
of year, resource availability, extent of niche overlaps, metabolic constraints, evolutionary history, and 66 
vulnerability to environmental change (Araújo et al. 2011, Berlow et al. 2009, Burkle et al. 2013), little 67 
attention has been paid to how this variability might influence the selection of surrogates for biodiversity 68 
conservation. 69 
The primary role of a biotic surrogate is to represent the occurrence of another species (Lindenmayer et 70 
al. 2015). The rationale behind selecting a surrogate is that if a species regularly and predictably co-occurs 71 
with other species that are hard to detect or expensive to monitor or manage, it is more efficient to focus 72 
on that one (Tulloch et al. 2011). By selecting surrogates whose ecological requirements best encompass 73 
those of other species, we might infer the occurrence of undetected species and therefore community 74 
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composition (Possingham et al. 2007). Information on surrogate distribution can then be used to allocate 75 
funds to the locations in the landscape in which both surrogates and co-occurring undetected species 76 
might be most efficiently managed or conserved (Margules et al. 2002). Selecting poor surrogates can 77 
lead to suboptimal and ineffective management decisions (Tulloch et al. 2013), if the locations managed 78 
for selected surrogate species are not representative of the ecological requirements of the remainder of 79 
the community (Lentini and Wintle 2015). 80 
Ecological dynamism (i.e. spatio-temporal variation in species co-occurrence and assemblage 81 
composition) presents a challenge for finding optimal surrogates to inform conservation decisions. For 82 
example, managing threats that predominantly affect species during winter (e.g. seasonal cattle grazing; 83 
Siriwardena et al. 2007), might require knowledge only of species co-occurrence at that time of the year. 84 
Possibly more important is the fact that, as time passes in dynamic systems, the chance of surrogates 85 
accurately representing species co-occurrence relationships at a previous time diminishes (Burkle et al. 86 
2013). It is unsurprising, therefore, that many surrogacy questions remain unanswered. For instance, in a 87 
dynamic successional landscape, how effective are surrogates selected using short-term information on 88 
species co-occurrences (the early successional community) at representing long-term or late-successional 89 
relationships in biological communities? How might we best select surrogates to avoid loss of surrogacy 90 
information in dynamic landscapes and minimise the risk of choosing redundant surrogates? Answers to 91 
these questions are crucial for effectively allocating management effort to the set of complementary sites 92 
or surrogate species that best represents target biodiversity in the landscape (Grantham et al. 2009, 93 
Moore et al. 2011). 94 
Any investigation of species surrogate effectiveness requires methods to elucidate and describe species 95 
co-occurrence, a topic that has received much research attention (MacKenzie et al. 2004, Neeson and 96 
Mandelik 2014, Poisot et al. 2015, Schluter 1984, Veech 2013, Waddle et al. 2010). A number of studies 97 
attempted to inform surrogate decisions using distance-based approaches that quantified pairwise 98 
species co-occurrence and grouped species by similarities in abundance or function (Cushman et al. 2010, 99 
Sutcliffe et al. 2012). The results of these studies were rarely encouraging. Traditional studies had no way 100 
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of identifying and excluding species connections that appeared due to chance alone; they rarely explored 101 
complementary relationships within the community; and by arbitrarily grouping species, many important 102 
co-occurrence relationships may have been obscured. Numerous attempts have been made to improve 103 
co-occurrence analysis methods by differentiating significant non-random patterns from random co-104 
occurrence (Ulrich and Gotelli 2010, Veech 2013), but recommendations for using these methods to 105 
inform surrogacy decisions are scarce (Lentini and Wintle 2015). One of the most recent advances in co-106 
occurrence has been to quantify the contribution of niche overlap (i.e. the degree of similarity in species-107 
environmental relationships) to co-occurrence through individualistic species distribution modelling that 108 
incorporates both environmental drivers and species interactions (Royan et al. 2015). Models might then 109 
be used to derive more realistic networks of co-occurrence that assist with predicting changes to the 110 
community (Araújo et al. 2011, Gotelli et al. 2010). Network theory is often used as a way to quantify and 111 
visualise biotic interactions in food or nesting webs, plant–animal mutualisms, and extinction cascades 112 
(Bascompte 2010, Cockle and Martin 2014, Memmott 1999), but despite its advantages over 113 
individualistic or distance-based analyses, is rarely used to analyse complex patterns of co-occurrence 114 
among species (Araújo et al. 2011). Furthermore, few authors have provided guidance about how to use 115 
networks describing the geographic pattern of co-occurrence among species in decision making for 116 
managing and monitoring large communities with variable co-occurrence relationships. 117 
In this study, we employ an approach to tackle surrogate selection in dynamic landscapes undergoing 118 
successional change. Our goal is to use co-occurrence analysis to find a set of surrogate species that 119 
overlap with a target proportion of the species in a particular successional community, and to explore 120 
whether community change due to succession changes this surrogate set. We build networks of species 121 
co-occurrence representing different successional time periods, then we transform these into “surrogacy 122 
networks” that reflect the strength and direction of species co-occurrence during a particular subset of 123 
successional time (Lane et al. 2014, Tulloch et al. 2013). Using simple metrics from network theory, we 124 
investigate the robustness of co-occurrence relationships over time, and explore how temporal changes in 125 
surrogacy networks affect the optimal set of surrogates selected for monitoring and managing 126 
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biodiversity. Our objective is typical of conservation agencies seeking to identify management site 127 
priorities through the use of surrogates: find the set of species that maximises the complementary 128 
surrogacy power of a network (defined as all of the species co-occurrences observed during a particular 129 
subset of monitored time at a given site). We devise a new optimisation formulation for finding optimal 130 
complementary surrogate sets in any system using a species co-occurrence network, which allows us to 131 
tackle large networks representing pairwise relationships of shared habitat use. 132 
We quantify bird species co-occurrence networks in two long-term monitoring programs in south-eastern 133 
Australia undergoing changing conditions over time, due in the first case to restoration of woodland 134 
habitat, and in the second to fire recovery in a heathland vegetation community. We explore three 135 
questions using our dynamic surrogate networks: (1) Do different allocations of monitoring effort over 136 
time lead to different species co-occurrence networks and therefore different optimal surrogates? (2) 137 
How robust is a given set of optimal surrogates (i.e. those identified from a monitoring dataset spanning a 138 
particular time period) over time, in terms of its power to inform on an alternative time period? (3) How 139 
might a targeted surrogate selection strategy that acknowledges species co-occurrence dynamics and 140 
community succession be used to improve the surrogacy power of decisions compared with static 141 
surrogate selection? 142 
143 
Material and Methods 144 
Species co-occurrence approach 145 
We use the approach of Lane et al. (2014) to calculate species co-occurrence and derive the surrogacy 146 
value of a species, sij, which represents the amount of information that surrogate species i provides on 147 
target species j. The input is a presence/absence matrix of species (m) by surveys (q). The final output is 148 
an m-by-m surrogacy matrix of values sij for each species in the range [0, 1] quantifying the strength of 149 
any positive relationship between species i and j. When sij = 0, the presence of species j is not associated 150 
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with the presence of species i, whereas a value close to 1 means that species i is a good surrogate for 151 
species j. The surrogacy value of a species for itself, sii, is 1. 152 
To derive the m-by-m surrogacy matrix, we first calculate the odds ratios between each pair of species 153 
using the R package sppairs (R Core Team 2014, Westgate and Lane 2015). Odds ratios provide 154 
information on the strength and direction of species co-occurrence relationships, identified as a key 155 
knowledge gap in species co-occurrence studies (Bascompte 2010). We use odds ratios rij defined as the 156 
odds of the first species (i) occurring when the second (j) does not, divided by the odds of the first species 157 
occurring overall. A value of 1 means that the presence of species i and species j are not associated in the 158 
set of surveys, while rij < 1 means that the presence of species i is associated with the absence of species j. 159 
An odds ratio rij > 1 means that species i is a potential surrogate for species j. Note that unlike 160 
correlations, these odds ratios are not symmetrical: rij may be larger or smaller than rji, depending on the 161 
relative frequency of occurrence of species i and j (Lane et al. 2014). This is a common and important 162 
attribute of species interactions and co-occurrence (Araújo et al. 2011). Our second step is to set all 163 
negative and insubstantial species co-occurrences (i.e. those with an odds ratio of between 1/3 and 3) to 164 
zero (Lane et al. 2014). This is a little different to studies that use a measure of statistical rather than 165 
biological significance to exclude small effects (Araújo et al. 2011, Gotelli and Ulrich 2010), and we run 166 
sensitivity analyses to explore the effect of setting this odds ratio threshold on co-occurrence outcomes 167 
(Appendix 2). Finally, we convert each positive odds ratio to a value between 0.5 and 1 using the formula 168 
sij = rij /(1+ rij). This allows all values to be standardised and ensures that the optimisation is not 169 
dominated by large odds ratios, which may derive from fortuitous co-occurrence of some moderately rare 170 
species. 171 
172 
Calculating surrogacy power 173 
Building on Tulloch et al. (2013), we define B(Z), the benefits of monitoring surrogate species Z (i.e. the 174 
surrogacy power of Z) given a set of target species T: 175 
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𝐵𝐵(𝑍𝑍) = ∑ 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖∈𝑍𝑍𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖∈𝑇𝑇   𝑤𝑤𝑤𝑤𝑤𝑤ℎ  𝑍𝑍 ⊆ 𝑆𝑆, (1) 176 
where T is the fixed set of m target species we want to learn from, and Z is a set of candidate surrogate 177 
species from which we measure the surrogacy power of monitoring. Z is a subset of S, the fixed set of all 178 
the potential surrogate species. In this equation, we account for the surrogate species value sij that will 179 
contribute the most to knowledge about target species (max operator), and sum the values across all the 180 
target species j. For the purposes of this study, we set all target species T to be equal to the set of all 181 
monitored species S (but this could be adjusted if only rare or conservation-dependent species are of 182 
target interest, see Tulloch et al. 2013). 183 
184 
Finding optimal surrogates to inform decisions 185 
We set an objective of finding the species that are the best complementary surrogates for all other 186 
species in the landscape, given a particular budget for any set Z of surrogates that could be selected. 187 
Complementarity is included to ensure that redundant surrogates (i.e. those providing information similar 188 
to another chosen surrogate) are not selected in the best sets. 189 
To address our objective, we use the set of all species as target species (set T), and all monitored bird 190 
species as potential surrogates (set S). The best set of species Z* using surrogacy information is the set 191 
that maximises B(Z), the summed surrogacy value of each species, for a given budget (cmax), formally: 192 
𝑍𝑍∗ = 𝑚𝑚𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚𝑍𝑍 ⊆ S{∑ 𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖∈𝑍𝑍𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖∈𝑇𝑇  such that 𝑐𝑐𝑐𝑐𝑠𝑠𝑤𝑤(Z) ≤ 𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚}.  (2) 193 
For large networks, it is not possible to solve this problem using an exhaustive search (Chadès et al. 2015, 194 
Tulloch et al. 2013). We therefore reformulate this problem as an equivalent integer linear programming 195 
problem that allows us to address networks of any size (Garfinkel and Nemhauser 1972). 196 
197 
Integer linear programming formulation for the complementary set of surrogates 198 
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Let T be the (fixed) set of m target species and S be the (fixed) set of n surrogate species. Solving the 199 
optimisation problem (Eq. 2) is equivalent to solving the following Integer Linear Program:200 
𝑚𝑚𝑚𝑚𝑚𝑚∑ ∑ 𝑠𝑠𝑖𝑖𝑖𝑖𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖∈𝑇𝑇𝑖𝑖∈𝑆𝑆  (3) 201 
Subject to the following constraints: 202 
∀𝑗𝑗 ∈ 𝑇𝑇,∑ 𝑚𝑚𝑖𝑖𝑖𝑖𝑖𝑖∈𝑆𝑆 ≤ 1 (4) 203 
∀𝑤𝑤 ∈ 𝑆𝑆,∀𝑗𝑗 ∈ 𝑇𝑇, 𝑚𝑚𝑖𝑖𝑖𝑖 ≤ 𝑦𝑦𝑖𝑖   (5) 204 
∀𝑤𝑤 ∈ 𝑆𝑆,∑ 𝑦𝑦𝑖𝑖𝑖𝑖∈𝑆𝑆 𝑐𝑐𝑐𝑐𝑠𝑠𝑤𝑤(𝑤𝑤) ≤ 𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚 (6) 205 
𝑦𝑦𝑖𝑖 ∈ {0,1},𝑚𝑚𝑖𝑖𝑖𝑖 ∈ {0,1}  (7) 206 
Where every variable yi is such that yi = 1 if surrogate species i is selected and yi = 0 otherwise, and where 207 
every variable xij is such that xij = 1 if surrogate species i provides some surrogacy information about target 208 
species j and xij = 0 otherwise. 209 
Constraint (4) represents the need for only one surrogate species to contribute to target species j. This 210 
constraint differentiates the problem from a standard complementary reserve design problem and is 211 
important because it ensures that high surrogacy for a given target species is not the sum of many species 212 
with low surrogacy. Constraint (5) forces contributions of surrogate species i to every target species j to 213 
be null if species i is not selected. Constraint (6) represents the budget constraint (i.e. the sum of the cost 214 
of each selected surrogate species must be less than a cmax value). Finally, constraint (7) forces yi and xij215 
to take only integer values. Because we are in a maximisation problem, at optimum, the surrogacy 216 
information about any given target species j will be systematically maximal over all the possible surrogacy 217 
information. 218 
This linear programming formulation is important because it is an efficient formulation of the 219 
optimisation problem seeking to find complementary sets of species (Tulloch et al. 2013) or actions 220 
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(Chadès et al. 2015) for monitoring, management, or spatial prioritisation (Moilanen et al. 2009). We 221 
provide the CPLEX code of our formulation in the Supplementary Material. 222 
Without loss of generality, we set equal costs for all species, as they are all monitored using the same 223 
method. We use equation (3) to calculate the surrogacy power, representing the complementarity sum of 224 
the surrogacy information gained across the whole species co-occurrence network given a selected set of 225 
surrogates. The maximum value for surrogacy power is equal to the total number of candidate species m 226 
in each network. We run analyses to see how increasing the budget constraint (here the number of 227 
species surrogates selected) changes the composition and the surrogacy power of the selected set. We 228 
expect that more species selected will increase the surrogacy power, but that the slope of this 229 
relationship likely depends on the data used to derive species co-occurrences. We also expect diminishing 230 
returns in surrogacy power with increasing numbers of surrogates selected, due to redundancy (many 231 
species provide the same amount of information) and unique individuals (many species provide 232 
information only on themselves, and adding unique individuals to the selected set will increase surrogacy 233 
power by only a very small amount, 1/m). 234 
235 
Case study datasets 236 
We investigate species co-occurrence in two ecosystems in south-eastern Australia with different 237 
histories of land management and different bird species assemblages, monitored using repeated 5-minute 238 
point count surveys. We record all birds seen or heard within a 50-m radius of permanent plots along a 239 
transect at each site between dawn and mid-morning, and repeat the survey on a second day at a 240 
different time using a different observer to control for observer heterogeneity and ‘day’ effects 241 
(Lindenmayer et al. 2009). Our survey protocol follows standards that are widely reported in the 242 
ecological literature and corrects for false negative detection errors (Tyre et al. 2003). We pool surveys at 243 
each plot within a site to result in one set of species detections per site per season. 244 
1. Southwest Slopes245 
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The Southwest Slopes is a region of Australian temperate woodlands in southern New South 246 
Wales that has been heavily modified due to clearing for agriculture (Lindenmayer et al. 2010). 247 
Revegetation through either new plantings on cleared land or as enhancement plantings of 248 
existing remnants has occurred on 28 farms across a broad band over 6800km2 long since the 249 
1990s, with the objective of restoring endangered Box Gum Grassy Woodland communities. 250 
Revegetation has resulted in increased woody vegetation cover and changes to key hollow and 251 
food resources (Ikin et al. 2014). We are interested in finding the best surrogates for all bird 252 
species responding to revegetation over time. We use an extensive longitudinal dataset gathered 253 
over 11 years from 2002 to 2013 from repeated surveys of birds on 65 patches (sites) of 254 
revegetated woodland (plantings; 708 surveys), in which 150 bird species have been detected 255 
(see Supplementary Material for details). Each site is surveyed 6 times per year within a 4-day 256 
period. Surveys are conducted in spring, and additional winter surveys conducted during five of 257 
the 11 years.  258 
2. Booderee National Park Heathland, Jervis Bay259 
Booderee National Park (NP) is a 75km2 IUCN Category I reserve located on the south-east coast260 
of Australia (~35°10’S, 15°40’E). It is co-managed by Parks Australia (a section of the Australian261 
Federal Government’s Department of the Environment) and the Wreck Bay Aboriginal262 
Community. The area has a temperate climate with vegetation types ranging from dry heathland263 
to woodland to rainforest, and there is a well-documented fire history, with wildfires burning the264 
Park on average once every 15-20 years as well as controlled burns for biodiversity management265 
(Lindenmayer et al. 2014). A large wildfire burnt 52 % of the Park in 2003, reducing vegetation266 
cover and changing the composition of the plant community (due to the dependence of many267 
Australian heathland plants on fire for flowering and reproduction; Keith et al. 2014). We are268 
interested in finding the best surrogates for all bird species responding to fire and its effects on269 
vegetation. We select the heathland for this study as it is regularly burnt and is the stronghold of270 
the nationally Endangered Eastern Bristlebird Dasyornis brachypterus. We use a longitudinal271 
dataset derived from monitoring 26 heathland sites annually over 11 years from 2003 to 2014272 
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(excluding 2008). Each site is surveyed 4 times per year within a 4-day period, detecting 90 bird 273 
species over the course of the surveys (260 surveys; see Supplementary Material for details). 274 
275 
Monitoring scenarios 276 
We apply our two case studies to explore whether alternative allocations of monitoring effort over time in 277 
a successional landscape lead to different species co-occurrence networks, and test the robustness of a 278 
static set of optimal surrogates (i.e. those identified from a monitoring dataset spanning a particular time 279 
period) to reducing or increasing the temporal representativeness of data. To do this, we construct six 280 
monitoring scenarios that subset the full survey dataset in ways that reflect different decisions about 281 
when to select surrogates during a monitoring program. Our scenarios are chosen to represent co-282 
occurrence dynamics resulting from community succession, season (breeding versus non-breeding), or 283 
alternative allocations of sampling effort (see Appendix 3 for more details of these scenarios). The 284 
scenarios are: 285 
1. Monitor all sites and all years: Use all available survey data (11 years).286 
2. Increasing extent of short-term monitoring directly after disturbance (community succession287 
dynamics): Use data only from the first (a) 3, (b) 5, (c) 7, or (d) 9 years after disturbance (here fire288 
or planting).289 
3. Wait for response lag (community succession dynamics): Use data only from the second half of290 
survey years (survey 6-11 years after disturbance).291 
4. Survey only in one season (seasonal dynamics): Use data only from (a) spring or (b) winter (only292 
for Southwest Slopes dataset, as Booderee NP is monitored only in spring).293 
5. Reduce frequency (sampling effort): Survey only once every two years.294 
6. Reduce temporal cover randomly (sampling effort): Randomly select half of all surveys (Southwest295 
Slopes: 354 surveys; Booderee NP heathland: 130 surveys). This simulates an untargeted survey296 
dataset that might be collected by volunteers in an atlassing or citizen science program.297 
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Each dataset is first checked for completeness of sampling by fitting the Chao 2 estimator to species-298 
accumulation data (for details see Supplementary Material). Species accumulation curves for each 299 
reduced-data scenario indicate that adequate sampling has been completed to detect at least 85% of all 300 
species likely to be present in each case study, although 3-year monitoring (scenario 2a) and random 301 
monitoring (scenario 6) have high uncertainty in estimates. We use Pearson’s product-moment 302 
correlation tests to explore the correlation between each surrogacy matrix (traditional distance-matrix 303 
approaches are not suited here as the values in the upper triangle of the matrix are not necessarily the 304 
same as the lower triangle). To understand whether the fundamental structure of the species co-305 
occurrence networks changes between time periods, we apply simple metrics quantifying the ‘degree’ 306 
(number of positive co-occurrence relationships) and ‘strength’ (average sij) of co-occurrences for each 307 
species derived from network theory (Araújo et al. 2011, Barrat et al. 2004, Bascompte et al. 2006). We 308 
report these metrics for each species for the first 5 years of monitoring (early succession; Scenario 2b) 309 
compared with the last 6 years of monitoring (late succession; Scenario 3).  310 
To find optimal surrogates for each scenario of dynamics, we rerun the integer linear programming 311 
problem with the same objective (Eq. 2) using dataset subsets representing the communities at different 312 
times outlined above. The set of optimal surrogate solutions achieving 70% surrogacy power for each 313 
scenario are compared using Bray-Curtis dissimilarity indices (Bray and Curtis 1957). 314 
For each scenario, we calculate the relative survey effort required to elucidate species co-occurrences in 315 
the monitoring scenario, and the value of the associated surrogate decision in terms of surrogacy power. 316 
As a limited set of surrogates is often desirable to enable easier communication and stakeholder 317 
engagement, we explore return-on-investment trade-offs between the number of surrogates selected by 318 
a monitoring approach to achieve a given desired surrogacy power across the whole network, in relation 319 
to effort expended in gathering the data (see Appendix 3 of Supplementary Material for calculations). We 320 
use the trade-off curves to identify a set of Pareto efficient solutions for informing surrogacy decisions. A 321 
surrogate set is Pareto efficient if it is impossible to find another surrogate set that performs better 322 
according to one objective and as good or better according to the other objective. 323 
15 
Because the solution to each of the six scenarios of surrogacy selection represents a static representation 324 
of species co-occurrences that may be changing into the future, we also investigate the effect of 325 
accounting for co-occurrence dynamics when selecting surrogates for management. We compare the 326 
surrogacy power of four surrogate selection strategies with objectives of representing 70% of species co-327 
occurrences at the time of surrogate selection: (i) Static early decision: 1-5 years after disturbance 328 
(Scenario 2b), (ii) Static late decision: 6-11 years after disturbance (Scenario 3), (iii) Static pooled decision: 329 
using all data from 1-11 years after disturbance (Scenario 1), and (iv) Updated decision: aggregating the 330 
optimal set selected from 1-5 years post-disturbance with the optimal set from 6-11 years post-331 
disturbance (a selection that accounts for dynamics). 332 
333 
Results 334 
Species co-occurrence across time 335 
Species co-occurrence networks vary depending on the temporal cover of the dataset used (Fig 1, 336 
Appendix 1). Capturing only the  first 1-5 years (early succession; scenario 2b), or waiting until 6-11 years 337 
post-disturbance (late succession; scenario 3; Fig 1), or including data only from one season (Fig S2), result 338 
in different representations of species co-occurrence. In the Southwest Slopes, early successional species 339 
co-occurrences are less similar to co-occurrences across all years (i.e. scenario 1; Pearson’s product-340 
moment correlation coefficient = 0.62) than late successional co-occurrences (Pearson’s correlation 341 
coefficient = 0.82), with even lower correlation between early and late successional co-occurrence (Table 342 
1, Fig 1a, b). In the Booderee NP heathland, early successional species co-occurrences are more similar to 343 
the co-occurrences across all years than late successional co-occurrences (Table 2). 344 
Species co-occurrence also depends on the sampling approach. For the Southwest Slopes, using only a 345 
random half of the surveys to inform surrogate decisions results in lower correlation between species 346 
surrogacy matrices compared with all other scenarios of reductions in temporal cover (Table 1). This 347 
contrasts with Booderee NP co-occurrences that are least similar to the all-data matrix when data are 348 
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subset using either short-term monitoring (only the first three years; Pearson’s correlation coefficient = 349 
0.70) or sporadic monitoring (once every two years; Pearson’s correlation coefficient = 0.71). In 350 
comparison, random selection of surveys in Booderee NP is better correlated with the all-data scenario 351 
(Pearson’s correlation coefficient = 0.76), more poorly correlated with the first half of the monitoring 352 
period (Pearson’s correlation coefficient = 0.66), and most correlated (compared with other scenarios) 353 
with the second half of monitoring (Pearson’s correlation coefficient = 0.73; Table 2). 354 
Network metrics reveal that the poor correlations between the first and second time period are driven by 355 
a fundamental change in the structure of the co-occurrence networks (Supplementary Material). Between 356 
the first 5 years and the last 6 years of monitoring in the Southwest Slopes, 50% of species (75) increase in 357 
degree of positive co-occurrence and 42 (28%) decrease (i.e. have fewer positive co-occurrence 358 
relationships). In contrast, in the Booderee NP heathland, just over 50% of species (48) decrease in degree 359 
of positive co-occurrence and 26 (29%) increase (i.e. have more positive co-occurrence relationships). 360 
Similar proportions of changes are discovered for co-occurrence strength in each case study, with positive 361 
correlations between the change in degree and the change in co-occurrence strength (Pearson’s 362 
correlation coefficients 0.53 and 0.47, P<0.01, for Southwest Slopes and Booderee NP respectively; 363 
Supplementary Material). There is a general trend in both case studies for species with higher degree to 364 
decline in the number of positive co-occurrence relationships, and species with lower degree to increase 365 
(linear regressions; Southwest Slopes:  y = -0.27x + 13.28, R2 = 0.21; Booderee NP: y = -0.23x + 1.57, R2 = 366 
0.20). This trend is even stronger for the change in species strength over time (linear regressions; 367 
Southwest Slopes:  y = -0.86x + 0.55, R2 = 0.40; Booderee NP: y = -0.23x + 1.57, R2 = 0.45). 368 
369 
Optimal surrogates across time 370 
In both case studies, waiting to assess surrogacy until 11 years of co-occurrence data are collected 371 
(scenario 1, encompassing both early- and late-successional communities) means that 51% of the 372 
surrogacy power to capture all species co-occurrences across time could be achieved by selecting a single 373 
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species surrogate (Fig 2). In this scenario of pooling all the monitoring data across time, selecting just six 374 
surrogate species (4% of the 150 Southwest Slopes species, and 7% of the 90 heathland species) achieves 375 
80% of the surrogacy power of the whole community across time. 376 
Because the power of each species as a surrogate changes depending on the time within the succession 377 
and the corresponding survey dataset used to calculate it (see Appendix 1), the composition of the best 378 
set of surrogates also changes over time (Fig 2). The proportion of overlap between the top surrogate 379 
species selected to represent 70% of the bird co-occurrence from each scenario is low, ranging from zero 380 
to 57% in the Southwest Slopes depending on the length of time over which birds are monitored (average 381 
dissimilarity 87%; Fig 2a,b), and from zero to 57% in the Booderee NP heathland recovering after fire 382 
(average dissimilarity 80%; Fig 2c,d; see also Supplementary Material Tables S3 and S4). 383 
Surrogates chosen by the all-data scenario consistently outperform surrogates chosen from all scenarios 384 
with reduced temporal coverage of data, if the objective is to find the best set of surrogates for all species 385 
across all monitoring time (Fig S7). Relative to the surrogates selected by the all-data scenario, the 386 
scenarios that require the most surrogates to achieve equal surrogacy power to the best set across all 387 
time are random monitoring and monitoring only the first three years (the short-term monitoring 388 
scenario; Fig 2 and S7). 389 
Trading off the number of selected surrogate species (i.e. the surrogate budget) against the effort and 390 
time expended on collecting bird survey data results in a Pareto-optimal frontier whose shape depends on 391 
the case study and the desired surrogacy power of the selected set (Fig 3). In general, increasing survey 392 
effort leads to selecting a smaller set of surrogates that on average provide higher surrogacy power. 393 
However, high monitoring effort (in terms of the number of surveys collected to inform surrogacy 394 
decisions) does not always minimise the number of surrogates selected for a desired surrogacy power (Fig 395 
3). Furthermore, increasing the desired level of surrogacy power across the whole network increases the 396 
number of surrogates required to achieve that objective. For example, in Booderee NP, despite low 397 
overlap in the composition of the best surrogate set for achieving 70% surrogacy (Fig 2c,d), doubling the 398 
surrogate set selected from early succession (from 6 to 12 surrogates) results in the ability to achieve a 399 
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similar surrogacy power (70% of the entire bird network represented) to that of the all-data scenario (Fig 400 
S7). 401 
Because the best surrogate sets selected in each scenario may represent only co-occurrences during that 402 
particular time period, we compare these static approaches to surrogate selection to a scenario that 403 
updates surrogates over time. While it is possible to identify an optimal set of surrogates that represent 404 
70% of observed co-occurrences using static approaches of either evaluating co-occurrences 1-5 years 405 
(early succession), 6-11 years (late succession), or 1-11 years (early- and late-succession) post-406 
disturbance, each of these surrogate sets has poorer surrogacy power at a different time (Fig 4). For 407 
example, the optimal surrogate set for achieving 70% surrogacy power in Booderee NP during the first 5 408 
years post-disturbance has considerably lower surrogacy power (51%) over the last 5 years (Fig 4b). 409 
Because there is no overlap in the early and late-successional optimal surrogate sets in either case study 410 
(Fig 2b,d), we find that the best approach for informing surrogate sets with high surrogacy power in both 411 
case studies is to use the updating strategy (Fig 4). This achieves higher surrogacy power (representing up 412 
to 90% of species co-occurrence in Booderee NP and 88% in the Southwest Slopes) than the static 413 
approaches. 414 
415 
Discussion 416 
Species distributions and abundances are rarely static. Changing resource and shelter availability, 417 
competitive and facultative interactions, predation rates, and pressures from anthropogenic threats, lead 418 
to spatial and temporal variability in population dynamics and distributions (Burkle et al. 2013, Poisot et 419 
al. 2015). Understanding how species co-occurrence changes over time is important for learning about 420 
where and when to monitor species, and for ensuring that from a conservation perspective, the right 421 
places are protected and managed at any given time. This information becomes more important when we 422 
have neither the resources nor the time to learn about the whole system, and must instead rely on 423 
surrogates that provide a partial picture of the community. Despite a clear need to understand temporal 424 
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dynamics in ecological communities (Poisot et al. 2015), few studies have explored how temporal 425 
variability in species’ co-occurrence affects decisions for selecting optimal surrogates. We present the first 426 
investigation of the effect of temporal dynamics in species co-occurrences on choosing optimal species 427 
surrogates. Importantly, we find that the optimal set of complementary surrogates changes over time in 428 
successional landscapes. 429 
Conservation budgets are limited, so managers might be tempted to inform surrogate decisions using 430 
data collected over a short timeframe, with the assumption that the species selected as surrogates for 431 
monitoring or managing would remain representative of other species over time. Our results show that 432 
this could be a dangerous strategy in a dynamic landscape. This is because the best set of surrogates is a 433 
trade-off between how much data one can afford to collect, how much of the temporal variability in the 434 
system one wants captured by the surrogates (e.g. what part(s) of the succession we wish to represent), 435 
and the desired degree of surrogacy power (Fig 4). We describe these trade-offs for both of our study 436 
locations using Pareto frontiers, and identify the number of surrogates required to achieve a desired 437 
surrogacy power over a given time period post-disturbance (Fig 3). Short-term early-successional 438 
monitoring strategies require many more surrogates to achieve the equivalent surrogacy power of a few 439 
high-power surrogates selected from long-term monitoring data (Fig 2 and 3). Aiming for higher surrogacy 440 
power to better represent all species in the network comes at a cost of either an increase in survey effort 441 
over time, or an increase in the number of surrogates selected. Accepting more surrogates for selection 442 
results in an exponential decline in survey effort required to inform this decision in the Southwest Slopes 443 
plantings (Fig 3a), and a decline in survey effort in the Booderee NP heathland that changes from non-444 
linear to linear with increasing desired surrogacy power (Fig 3b). Some monitoring strategies (e.g. 445 
‘random’ and 1-in-2 year sampling) are suboptimal for finding high-power surrogates compared with 446 
strategies of similar cost using continuous data (Fig 3). This is an important result for organisations 447 
attempting to assess and select surrogates using citizen science data, as it suggests that medium-term 448 
monitoring (between 5 and 9 consecutive years post-disturbance in our study) is more effective for 449 
selecting surrogates with high power across time than sporadic or short-term sampling. 450 
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Because the optimal set of surrogates changes over time, vigilance is required when setting objectives for 451 
surrogate selection to ensure that surrogates are fit for purpose. If we want surrogates that represent 452 
only species co-occurrences during periods of resource scarcity or disturbance (e.g. in winter or 453 
immediately post-fire), we select a different set of species compared with the surrogates chosen to 454 
represent co-occurrences in a different season (Fig S2) or after a response lag (Fig 1). In some cases there 455 
is no overlap in the composition of optimal surrogate sets from different time periods (Fig 2). For 456 
example, surrogate species selected in the Southwest Slopes (Fig 4a) and in Booderee NP (Fig 4b) to 457 
represent species occurrences in the last half of the monitoring years do not overlap with species selected 458 
during the first five years. The early-successional surrogates are efficient for representing the bird 459 
community immediately post-disturbance, but in the case of Booderee NP, 19% less efficient for 460 
representing bird community recovery in the second 5 years than surrogates selected specifically from the 461 
late-successional dataset. This means that the best set of surrogates are not only dependent on the 462 
system (i.e. location and ecosystem type), but also depend on the successional state of the system 463 
(Possingham 1997), i.e. the set of unique biotic and abiotic conditions at a particular point during recovery 464 
from disturbance (here fire or restoration). 465 
Updating the best surrogate set to acknowledge dynamics in species co-occurrence improves surrogacy 466 
power compared with static surrogate selection. For instance, in the Booderee NP heathland, the 467 
surrogacy power of the updated surrogate set is 7% higher than the 1-5 year selection, 3% higher than the 468 
6-11 year selection, and 20% higher than a static selection of surrogates using data pooled over time (Fig469 
4b). We observe step-wise changes in the best surrogate sets that appear to be stabilising 9 years post-470 
fire in Booderee NP (Fig 2c), but show less evidence of stabilising in the Southwest Slopes (Fig 2a). This 471 
suggests that the dynamics of each system operates on a different timescale. In the Booderee NP 472 
heathland, this is most likely because the bird dynamics are successional until reaching a relatively stable 473 
state (fire is a regular occurrence). The system in the first 3 to 6 years post-fire provides high nectar and 474 
pollen resources due to the flowering of fire-dependent shrub species, leading to the need for pollinator 475 
surrogates such as the Little Wattlebird and White-cheeked Honeyeater. After vegetation cover has had 476 
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time to recover, surrogates for ground-and tree-dwelling species requiring dense cover appear more 477 
frequently (e.g. Eastern Bristlebird and Rainbow Lorikeet; Fig 2c). In contrast, restoration in degraded 478 
agricultural landscapes can require many more years to achieve biodiversity outcomes and has been 479 
shown to result in novel ecosystems in some cases (Lindenmayer et al. 2008), research that is supported 480 
by the constantly evolving set of optimal surrogates in the Southwest Slopes (Fig 2a). Knowing when and 481 
how state-dependent processes should be incorporated into decision-making is crucial for effective 482 
monitoring and management (Hauser et al. 2006). By demonstrating state-dependency in bird surrogate 483 
decisions, this study supports previous calls for surrogates to be developed in an adaptive framework 484 
(Lindenmayer and Likens 2009). We do not attempt to explain the mechanisms behind these dynamics, 485 
and we highlight the need to study the dynamics of co-occurrence network change for other taxonomic 486 
groups and in other parts of the world, including elucidating the processes that drive state-dependent 487 
changes in co-occurrence networks. In this study, we have identified the surrogates for successional 488 
communities monitored for >10 years after a single disturbance event. Ideally, multiple disturbance 489 
events should be studied to validate surrogate composition across multiple disruptions. Only with this 490 
knowledge might we begin to predict future dynamics of species co-occurrence and community assembly. 491 
Our results support previous findings that a relatively small set of complementary species can provide 492 
information about most of the species co-occurrence network at a point in time (Tulloch et al. 2013). We 493 
find quickly diminishing returns for surrogate sets of more than six species (which provide information on 494 
more than 80% of the network when all data are used in prioritisation), with many species providing 495 
occurrence information only on themselves. Complementarity is a concept that has received much 496 
attention in ecological decision-making (Justus and Sarkar 2002, Moilanen 2008, Moilanen et al. 2009). 497 
Finding the best complementary sets is a challenging optimisation problem due to the exponentially 498 
increasing decision space for large datasets of co-occurrences (Chadès et al. 2015). We test our new 499 
formulation using two case studies of long-term bird monitoring in Australian ecosystems that allow a 500 
range of scenarios of temporal representativeness to be explored. We focus on the surrogacy value of a 501 
species (i.e. a network node) for the occurrence of every other species within a successional community. 502 
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Unlike other studies, we do not attempt to infer biotic interactions from our co-occurrence matrices 503 
(Morales-Castilla et al. 2015). Recently, a probabilistic framework was proposed for building interaction 504 
networks from co-occurrence (Cazelles et al. 2015), which relies on gathering data on species interactions 505 
as well as co-occurrence to build conditional probabilities of biotic interactions (data that were not 506 
available in this study). Despite its large data requirements, linking biotic interactions to networks of 507 
species co-occurrence remains an important area of future work. However, because of the way our 508 
problem is formulated and the way that odds ratios are calculated, we are able to exclude biotic 509 
interactions such as competition from our networks, and our maximization algorithm attempts to find 510 
values where the interaction strength for species A with B is high (thereby potentially focusing mainly on 511 
mutualistic or commensal relationships (Morales-Castilla et al. 2015)).  Our formulation is generalizable 512 
across species and systems, and can be used to deal with small or large networks in other contexts, for 513 
example in finding the optimal set of sites to manage across a network of patches, selecting key nodes to 514 
manage within food webs, and discovering keystone species (Berlow et al. 2009, Chadès et al. 2015). 515 
Several assumptions are made in this study for the purposes of clarifying the role of data availability in 516 
surrogacy decisions and demonstrating the method. First, we assume equal monitoring costs across 517 
species – a necessary simplification to allow us to compare the value of different kinds of surrogacy 518 
information. Our method allows for the true costs of gathering data using different protocols or 519 
equipment to be used as inputs (Gardner et al. 2008). We do not account for differing species 520 
detectability as our monitoring protocols are set up to deal with detectability issues through standardised 521 
repeated sampling that minimises the risk of imperfect detection issues (Lindenmayer et al. 2009). Studies 522 
applying our methods that wish to account for detectability can explore the sensitivity of optimal 523 
surrogate sets by incorporating species detectability as a weighting factor into our benefit function 524 
(equation 1) (Tulloch et al. 2011, Tulloch et al. 2013). Our odds ratio measure of species co-occurrence 525 
based on binary presence-absence matrices of detections is one of many approaches to derive species co-526 
occurrence; some of which rely on knowledge that more abundant species are more likely to co-occur 527 
(Berlow et al. 2009, Ulrich and Gotelli 2010), others that incorporate models of trait-based and biotic 528 
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modifiers of co-occurrence to find biologically meaningful relationships (Poisot et al. 2015), and yet others 529 
that use statistical tests to distinguish non-random from random associations (Gotelli and Ulrich 2010). 530 
We should note that, like many other co-occurrence measures, our use of an odds ratio threshold to 531 
indicate ‘strong’ positive co-occurrences is vulnerable to Type I errors – assuming a meaningful 532 
association is occurring when it is not (Gotelli and Ulrich 2010).  Because our optimisation formulation 533 
accommodates any alternative measure that provides a relationship between surrogates and targets, we 534 
explore the impact of Type I errors on the outcomes of our surrogacy optimisation in sensitivity analyses 535 
(Appendix 2.3). These analyses show that the composition of the optimal surrogate set is dependent on 536 
how co-occurrence is measured, and associated with this, the willingness of the decision-maker to accept 537 
Type I errors brought about by the inclusion of random co-occurrences in the input matrix. Importantly, 538 
however, our findings of change in surrogate sets over time are robust to the approach used to derive co-539 
occurrence, strengthening our conclusions that the optimal surrogate set depends on the successional 540 
state of the landscape. 541 
Our results demonstrate that surrogacy decisions are state-dependent and that biodiversity surrogate 542 
information should be updated over time. Careful consideration of time-frames, goals and desired 543 
conservation outcomes is needed when selecting surrogates in dynamic landscapes. Reducing the amount 544 
of data available to inform surrogacy decisions often decreases the efficiency of the selected surrogacy 545 
set. Despite this, decisions must be made, typically without long-term monitoring datasets (Martin et al. 546 
2012). Our study suggests that at least in the successional systems we studied, short- to medium-term 547 
annual monitoring of more species provides the same information on species co-occurrence as longer-548 
term monitoring with fewer surrogates. Surrogate choices that fail to acknowledge dynamics in species 549 
co-occurrence could lead to changes in species assemblages being missed due to surrogates being chosen 550 
that are not representative of the whole system. Our results suggest that managers have three choices for 551 
selecting surrogates in dynamic landscapes. These are: (1) use short-term monitoring immediately post-552 
disturbance to select a larger number of static less-informative surrogates that are highly representative 553 
of early successional co-occurrences but may not be robust over time; (2) use long-term monitoring 554 
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across early- and late-succession to select a smaller number of static highly informative surrogates that 555 
minimise management effort but poorly represent some short-term co-occurrences, or (3) develop 556 
adaptive surrogate selection frameworks with high short-term and long-term surrogacy power that 557 
update surrogate sets by accounting for successional dynamics in species co-occurrence. Considering 558 
temporal dynamics in species co-occurrence will ensure that the best set of complementary surrogates is 559 
selected to represent responses in species networks to management. 560 
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Tables 679 
Table 1. Results (correlations) of pairwise Pearson’s correlation tests for the Southwest Slopes species co-680 
occurrence matrices, representing different scenarios of reductions in the temporal cover of data. For all 681 
correlations P<0.01. 682 
Dataset All data 
(1–11 yrs) 
1–3 yrs 1–5 yrs 1–7 yrs 1–9 yrs 6–11 yrs Spring Winter 
1–3 yrs 0.41 1 
1–5 yrs 0.62 0.59 1 
1–7 yrs 0.65 0.58 0.54 1 
1–9 yrs 0.67 0.53 0.50 0.91 1 
6–11 yrs 0.82 0.30 0.40 0.46 0.54 1 
Spring 0.85 0.42 0.64 0.59 0.62 0.69 1 
Winter 0.59 0.34 0.48 0.36 0.38 0.60 0.34 1 
Random 0.47 0.51 0.40 0.59 0.63 0.46 0.42 0.42 
683 
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Table 2. Results (correlations) of pairwise Pearson’s correlation tests for Booderee NP heathland species 684 
co-occurrence matrices, representing different scenarios of reductions in the temporal cover of data. For 685 
all correlations P<0.01. 686 
Dataset All data 
(1–11 yrs) 
1–3 yrs 1–5 yrs 1–7 yrs 1–9 yrs 6–11 yrs 1 in 2 
yrs 
1–3 yrs 0.70 1 
1-5 yrs 0.82 0.84 1 
1–7 yrs 0.87 0.80 0.95 1 
1–9 yrs 0.92 0.75 0.89 0.94 1 
6–11 yrs 0.74 0.47 0.47 0.54 0.64 1
1 in 2 yrs 0.80 0.75 0.77 0.73 0.77 0.57 1 
Random 0.76 0.58 0.66 0.68 0.71 0.73 0.64 
687 
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Figure Captions 688 
689 
Figure 1. Species co-occurrence networks in the Southwest Slopes plantings derived from (a) early 690 
succession (first 6 years) and (b) late succession (next 6 years) after revegetation, and for the Booderee 691 
National Park heathland (c) early succession and (d) late succession post-fire. Only showing species 692 
detected in >5% of surveys with odds ratio threshold of >3 for strong positive effects (grey lines), with 693 
odds ratio of >6 represented by black lines. See Appendix 1 of Supplementary Material for key to labels 694 
and matrices and networks representing other scenarios of co-occurrence dynamics. 695 
696 
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697 
Figure 2. Composition of best surrogate sets for monitoring datasets of increasing temporal coverage in 698 
(a) the Southwest Slopes plantings and (c) Booderee National Park heathland, showing the best single699 
surrogate (dark grey boxes) and the best complementary set of surrogates for achieving 70% surrogacy 700 
power of the entire community across all time (light grey boxes). (b and d) Dendrogram of Bray-Curtis 701 
dissimilarity indices comparing the species selected for achieving 70% surrogacy power in each scenario of 702 
co-occurrence dynamics resulting from community succession, season, or alternative allocations of 703 
sampling effort, in (b) the Southwest Slopes and (d) Booderee National Park. 704 
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705 
Figure 3. Pareto-optimal curves trading off the number of selected surrogates against survey effort to 706 
inform decisions under alternative monitoring protocols in (a) the Southwest Slopes (10 scenarios) and (b) 707 
the Booderee National Park heathland (8 scenarios). Pareto frontiers are shown for achieving 70% 708 
surrogacy power (dotted line, open data points) and 90% surrogacy power (solid line, closed data points) 709 
across the entire succession (11 years). Each point represents the optimal decision from a given 710 
monitoring scenario (1-3, 1-5, 1-7, 1-9 years (circles of increasing radius), 6-11 (small square) or 1-11 711 
(large square) years, 1 in 2 years (triangle), or random (diamond) monitoring). Spring and winter 712 
monitoring in the Southwest Slopes are shown by x and + respectively. 713 
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714 
Figure 4. Comparison of performance of strategies for selecting surrogates that ignore co-occurrence 715 
dynamics (static strategies) versus account for dynamics (updated strategy). From left to right, the first 716 
strategy represents choosing a static set of complementary surrogate species representing 70% of early 717 
post-disturbance co-occurrences (monitoring species 1-5yrs after disturbance), and maintaining this 718 
surrogate set over the next 5 years. The second strategy represents waiting to select the optimal 719 
surrogates representing 70% of pooled co-occurrence across all time until 11 years of monitoring data are 720 
available. The third strategy represents choosing a static set of optimal surrogates representing 70% of 721 
late post-disturbance co-occurrences (using data collected 6-11 years post-disturbance and in ignorance 722 
of early co-occurrences). The final updated strategy chooses the optimal surrogates with 70% surrogacy 723 
power over the first 5 years then adds to this list the optimal surrogates with 70% surrogacy power over 724 
the next 5 years. By accounting for dynamic co-occurrence, this strategy always outperforms the other 725 
strategies in short-term and long-term surrogacy power (best-performing surrogate set across early, late 726 
and all time highlighted in bold). 727 
